SUMMARY
The ecology of microbes frequently involves the mixing of entire communities (community coalescence), for example, flooding events, host excretion, and soil tillage [1, 2] , yet the consequences of this process for community structure and function are poorly understood [3] [4] [5] [6] [7] . Recent theory suggests that a community, due to coevolution between constituent species, may act as a partially cohesive unit [8] [9] [10] [11] , resulting in one community dominating after community coalescence. This dominant community is predicted to be the one that uses resources most efficiently when grown in isolation [11] . We experimentally tested these predictions using methanogenic communities, for which efficient resource use, quantified by methane production, requires coevolved cross-feeding interactions between species [12] . After propagation in laboratory-scale anaerobic digesters, community composition (determined from 16S rRNA sequencing) and methane production of mixtures of communities closely resembled that of the single most productive community grown in isolation. Analysis of each community's contribution toward the final mixture suggests that certain combinations of taxa within a community might be co-selected as a result of coevolved interactions. As a corollary of these findings, we also show that methane production increased with the number of inoculated communities. These findings are relevant to the understanding of the ecological dynamics of natural microbial communities, as well as demonstrating a simple method of predictably enhancing microbial community function in biotechnology, health, and agriculture [13] .
RESULTS AND DISCUSSION
We wanted to determine whether coalesced methanogenic communities were dominated by the community that used resources most efficiently in isolation. We used methanogenic communities primarily because methane production is a useful proxy for the ability of an anaerobic community to fully exploit available resources: methanogenesis results from the conversion of H 2 , CO 2 , and short-chain fatty acids produced by hydrolysis and fermentation of more complex organic material, and it is often the only thermodynamically feasible way of actively removing inhibitory end metabolites [12] . Moreover, methanogenic communities are characterized by complex cross-feeding interactions [12, 14, 15] ; hence, the role of community cohesion in shaping community performance is likely to be particularly important [9] . To provide insight into the temporal dynamics of compositional and functional change after community mixing, we first measured the methane production and composition of two methanogenic communities derived from industrial anaerobic digesters (ADs) ( Table 1 ) grown in isolation or as a mixture in laboratory-scale ADs. Both the individual communities and mixes were grown in four replicates. To remove any potentially confounding effects caused by differences in starting density of tested communities, we standardized microbial density based on qPCR-estimated counts of 16S rRNA gene copies. We found that the methane production of the mixed community was initially intermediate between the two individual communities, but after 5 weeks propagation, it started to produce gas at a rate indistinguishable from that of the more productive of the individual communities ( Figure 1A ). We examined both the starting-point and the endpoint composition of the single and mixed communities by Illumina sequencing 16 s rRNA gene amplicon libraries. Consistent with the phenotypic data, the composition of the mixture was much more similar to the better-than to the worseperforming community at the endpoint ( Figure 1B ). This was despite the single endpoint communities changing considerably from their ancestral composition over the 5 weeks ( Figure 1B) .
We next determined whether a single community dominated when multiple communities were mixed. To this end, we propagated ten single communities (from either industrial ADs or sewage or agricultural waste AD feedstocks, with each replicated three times), and ten replicates of a mixture of all ten communities (Table 1) . The results were consistent with those from the two-community mixture. First, methane production in mixtures of ten communities was higher than the average of the individual communities. However, methane production of the mixtures did not differ from the best-performing single community, P13, (Figure 2A ), which, like each of the single communities used, was a constituent of all of the mixtures. Second, the community composition of mixtures (which varied very little between replicates, presumably because they all had the same ten community-starting inocula) most closely resembled the best-performing community, P13 ( Figure 2B ). More generally, the more compositionally similar an individual community was to the replicated ten-community mixtures, the greater the gas production of the community when grown in isolation ( Figure S1 ). Other community characteristics that positively correlated with methane production were bacterial cell densities and within-community (alpha) diversity, but not methanogen density ( Figure S2 ). In summary, the results demonstrate that the community most efficient at using resources (which in these experiments was also the most diverse) dominates when multiple communities are mixed together, thus enhancing mixed-community productivity beyond the average of the component communities.
We next explored the ecological mechanism(s) underpinning the observed dominance by the community that produced the most methane. One explanation is that multiple taxa from the same community act as semi-cohesive units and are selected together. This might arise as a result of coevolved mutualistic (or unidirectional) cross-feeding interactions, notably between methanogenic Archaea and hydrogen and/or acetate producers, where each organism both provides essential resources and removes damaging waste products for the other [12, 15, 16] . Moreover, coevolved resource partitioning can result in taxa being selected together, because species are expected to coevolve to minimize competition with co-occurring taxa [17] [18] [19] . Note that the selection of multiple taxa together in these contexts does not require any form of group selection [11, 20] , but simply selection of particular individuals from a key taxon whose presence provides an advantage for individuals from taxa they have coevolved with. This process can be described as ecological co-selection, equivalent to genetic co-selection, where a gene can hitchhike to high frequency purely as consequence of being linked to genes under positive selection [21] .
An alternative explanation is that coevolved interactions within individual communities are relatively unimportant, and the dominant community simply contains more competitive taxa (for any functional task and/or interaction) than other communities. This does not imply that coevolved cross-feeding interactions are unimportant for methanogenic communities, but that these co-evolved interactions are no more specific for taxa isolated from within a community than for taxa isolated from different communities. In other words, functionally equivalent taxa are interchangeable between communities. These different scenarios, selection for the best individual taxa and co-selection, are two extremes of a continuum. The distinction is important because dominance by a single community is necessarily a more likely consequence of community coalescence when coselection operates. Figures 3A-3C provide an illustration of the two extreme scenarios, no co-selection and co-selection of the entire community, and an intermediate case in which there are two groups of interacting taxa, or modules, and co-selection occurs within each.
The most direct way to demonstrate a role of co-selection would be to show that the outcome of competition between single taxa from different communities does not predict the outcome of competition at the community level [11] . Unfortunately, this is not feasible for such complex communities, in which many taxa are very difficult to grow in isolation. However, there are other testable predictions associated with the operation of co-selection or otherwise. If the success of an individual taxon is independent of whether they are in the presence of taxa from the same community (i.e., co-selection does not occur), communities that use resources most efficiently and hence achieve the highest biomass per unit of time (productivity) will contain the highest number of the best-performing taxa. It then follows that there will be a positive relationship between the productivity of a community and the proportion of taxa it contributes to the mixture ( Figure 3A ). If instead taxa are co-selected as modules, the correlation between individual community contribution and productivity is likely to break down. This is best illustrated by the extreme scenario whereby all taxa within a mixed community are co-selected from a single community: the mixture will be entirely dominated by a single constituent community, and hence the contribution of all other communities will be independent of their individual productivity (i.e., they will contribute null to the mixture's composition, even though they have non-zero productivity individually; Figure 3B ). The intermediate scenario, where co-selection occurs within two independent modules, can also break down this correlation if one module contributes much more to community productivity than the other ( Figure 3C ).
To determine whether co-selection contributed to our findings, we first estimated the contribution of each community to the ten-community mixtures using a non-negative least-squares (NNLS) approach. The community that had the most similar composition to the mixtures (and produced the most methane) contributed an estimated 40% of its taxa to the mixtures, with only two other communities contributing more than 10% of their taxa to the mixtures ( Figure 3D ). We then correlated the contribution each community made to the mixtures with two measures of community productivity: methane production and cell densities (based on 16 s rRNA gene copy number), which themselves were positively correlated ( Figure S2A ). We found no suggestion of a positive correlation between either measure of productivity and contribution to the community ( Figures 3D and 3E) . These results suggest that co-selection of taxa played an important role in dominance by the community that produced the most methane.
That community coalescence results in the most productive individual community dominating the mixed community has (Table 1) . Community P13 was significantly closer in composition to the ten mixed communities than any other community (weighted and unweighted UniFrac distances; paired t tests: p < 0.001 in all cases). There was also a significant link between the community composition and the difference in gas production between the communities (see Figure S1 ). Note that DNA yield from community P06, which had the lowest gas production of all communities, was insufficient for sequencing; therefore, it is excluded from this and the following graphs.
(C) Individual communities (white circles) and their average methane production (white line), as well as mixes of communities (gray circles) and their averages (gray line). There was a monotonic increase in methane production with number of communities used (regression: F 1,26 = 5.4, p = 0.03). For community composition of the mixes, see Tables 1 and S1. direct implications for biotechnological uses of microbial communities. Given that the best-performing community in isolation largely determined both the composition and performance of mixtures of communities, methane production should increase with increasing number of communities in a mixture. We therefore inoculated laboratory-scale anaerobic digesters with 1, 2, 3, 4, 6, or 12 communities, ensuring that each of the 12 starting communities was used an equal amount of times at each diversity level [22] (see Table S1 ). Cumulative methane production over a 5-week period increased with increasing number of communities used as an inoculum ( Figure 2C ). The positive correlation between community function and the number of inoculating communities is analogous to the commonly observed finding that community productivity increases with increasing species diversity [23] . In this case, the mechanism underlying this positive relationship between the number of communities and productivity is a ''sampling effect'': inoculating more communities increases the chance that the best-performing community will be present in the mix [24] . However, given that domination of mixtures by one community was not complete ( Figures 3D and  3E ), it is possible that mixing communities could increase performance beyond that of the maximum of single communities in some circumstances (transgressive over-yielding [25] ).
Here, we have shown that coalescence of microbial communities results in dominance of a single community, the identity of which can be predicted from its efficiency of resource use in isolation. This dominance is likely to be driven in part by coselection of interacting taxa within coevolved communities, which is likely to greatly increase the magnitude of dominance after mixing [11] . It is unclear whether such effects would be apparent for aerobic communities, in which cross-feeding interactions are less important for efficient resource use [26], Note that the relative contribution is not a fractional contribution because some operational taxonomic units (OTUs) present in the mixture were not detected in the constituent communities. This is presumably because they only reached detected frequencies in the mixture, but we can't rule out that the community that we failed to get sufficient reads from contributed to the composition of the mixtures. Mind that the cell densities of Archaea and bacteria do not significantly correlate with the gas production (see Figure S2 ).
although studies to date [4] suggest that asymmetric outcomes, although less extreme, may be common. Our study has also identified a simple method to significantly improve methane yield during anaerobic digestion: inoculate digesters with a broad range of microbial communities, and the best-performing community will dominate. However, further work under a range of conditions is clearly required to determine the generality of these findings. Given that resource use efficiency is often a desirable property of microbial communities, this approach could be applied to a range of biotechnological processes driven by microbial communities, as well as to manipulate microbiomes in clinical and agricultural contexts [13] .
STAR+METHODS
Detailed methods are provided in the online version of this paper and include the following: 
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EXPERIMENTAL MODEL AND SUBJECT DETAILS

Methanogenic communities
The communities used were collected from anaerobic digesters (AD plants: communities P01,P02, P03, P04, P05, P09, P10, P13 and P15) and communities present in nature used to seed the AD plants (communities P06, P08, P11, P12, see the details in Table 1 ). All the communities have been collected in the South West area of United Kingdom from operating Anaerobic Digesters and the seeding communities they use for the reactors. The communities were operating at temperatures between ambient and 45 C in their places of origin. Communities were stored at 4 C prior to use.
METHOD DETAILS
Cultivation details
For all experiments, communities were grown in 500 mL bottles (600 mL total volume with headspace; Duran) using the commercially available Automated Methane Potential Test System (AMPTS, Bioprocess Control Sweden AB) to measure CO 2 -stripped biogas production (referred to as methane in this paper). Samples were fed weekly with 25 mL of defined medium in a fed-batch mode using a defined medium (see below for media composition). The communities used in experiment 1 were equalized in terms of bacterial cells per gram of sample before inoculation using M9 salts to dilute them to the community with the lowest cell density, based on qPCR enumeration of 16S rRNA gene copies. For experiments 2 and 3, starting 16S rRNA copy number was determined (but not equalized between communities) and did not correlate with methane production. The fermenters were inoculated with 275 g of sample and fed with 25 mL of defined medium: meat extract 111. 
Experiment structure
In Experiment 1 (results shown in Figure 1 ) we cultivated community P01 (four replicates) and community P05 (four replicates) and a 1:1 mix of the two. It ran for 5 weeks before samples were harvested for sequencing (see below). The initial community was sequenced at the same time. In Experiment 2 (results shown in Figure 2 ), we cultivated 10 individual communities (listed in Table 1 ), in triplicate, and 10 mixes of all 10 communities mixed in equal volumes, at the same total volume as the single communities. After 6 weeks samples were harvested for sequencing. In Experiment 3 (results shown in Figure 2C ) we used 12 communities (detailed in Table 1 ). They were grown in isolation as well as pseudo-randomly combined to create a gradient of number of starting communities, with each community used only once for each number of communities. This resulted in 12 single communities, 6 pairs, 4 triplets, 3 quadruplets, 2 mixes of 6 and one mix of 12 communities. Specific details of mixing can be seen in Table S1 . The cultures were propagated for 5 weeks.
Measuring methane content of Biogas
All resulting lab-scale reactors inoculated with the samples were run at 37 C using the Automatic Methane Potential Test System (AMPTS). The AMPTS is a setup of 15 simple fermenters using a 0.5L lab bottle as the vessel with its own stirring system provided with a butyl rubber stopper and sampling ports. It is connected to an online gas measuring system to allow continuous gas measurements. The AMPTS system measures the volume of biogas produced following stripping of CO 2 (by passing the gas through 50 mL of 3M NaOH solution) from the produced gas. To reproduce our results, however, there is no need for a sophisticated setup, some pilot experiments yielding similar results in terms of gas production were conducted using anaerobic serum flasks. We confirmed that the measured biogas was > 95% methane using Gas Chromatography with Flame Ionization Detection optimized for methane detection.
DNA extraction and qPCR quantification DNA for 16S rRNA gene amplicon sequencing was extracted using QIAamp DNA Stool Mini Kit (QIAGEN) or FastDNA SPIN Kit for Soil (MP), depending on the experiment. Note that DNA extraction for mixed community P06 from experiment 2 failed. The DNA for qPCR was extracted with the QIAamp DNA Stool Mini Kit (QIAGEN), protocol for pathogen detection with the 95 C incubation step and the Powerlyzer Powersoil DNA KIT (MOBIO). DNA from Acinetobacter baylyi, Pseudomonas fluorescens SBW25 for Bacteria and from Halobacterium salinarum DSM 669 for Archaea was used as standards. The primers [27] used to quantify Bacteria were 16S rRNA 338f -ACT CCT ACG GGA GGC AGC AG, 518r -ATT ACC GCG GCT GCT GG for Archaea: 931f -AGG AAT TGG CGG GGG AGC A, m1100r -BGG GTC TCG CTC GTT RCC. The reagents used were: 1x Brilliant III Ultra-Fast SYBR Green QPCR Master Mix; 150nM 338f and 300nM 518r or 300nM 931f and 300 nM m1100r; ROX 300nM; and BSA 100 ng/mL final concentration. All samples were run in triplicate on a StepOnePlus (Applied Biosystems) qPCR machine using a program with 3 min 95 C initial denaturation followed by 40 cycles of 5 s at 95 C and 10 s at 60 C, followed by a melting curve 95 C for 15 s; 60 C for 1 min ramping up to 95 C in steps of 0.3 C for 15 s each. The melting curve analysis and the confirmation of the negative controls was done using StepOne Software v.2.3 (life technologies). The Cq values and the efficiencies of the samples and standards was determined as previously using LinRegPCR version 2016.0 [28] . The quantities were calculated using the one point calibration method as described earlier [30] .
Amplicon library construction and sequencing 16S rRNA gene libraries were constructed using primers designed to amplify the V4 region and multiplexed [31] . Amplicons were generated using a high-fidelity polymerase (Kapa 2G Robust) and purified using the Agencourt AMPure XP PCR purification system and quantified using a fluorometer (Qubit, life technologies). The purified amplicons were then pooled in equimolar concentrations by hand based on Qubit quantification. The resulting amplicon library pool was diluted to 2 nM with sodium hydroxide and 5 mL transferred into 995 mL HT1 (Illumina) to give a final concentration of 10 pM. 600 mL of the diluted library pool was spiked with 10% PhiX Control v3 and placed on ice before loading into Illumina MiSeq cartridge following the manufacturer's instructions. The sequencing chemistry utilized was MiSeq Reagent Kit v2 (500 cycles) with run metrics of 250 cycles for each paired end read using MiSeq Control Software 2.2.0 and RTA 1.17.28.
Analyses of sequenced samples
MiSeq amplicon reads were merged using Illumina-utils software [32] . We quality-filtered only the mismatches in the overlapping region between read pairs using a minimum overlap (-min-overlap-size) of 200 nt and a minimum quality Phred score (-min-qual-score) of Q20. We allowed no more than five mismatches per 100 nt (-P 0.05) over the 200 nt overlapping region.
Reads that fulfilled the quality criteria were analyzed using Quantitative Insights Into Microbial Ecology (QIIME v.1.7) [29] . We removed chimera using the identify_chimeric_seqs.py script, UCHIME reference 'Gold' database and USEARCH [33, 34] , which we also used to select OTUs. We assigned the taxonomy of our reads with QIIME pick_open_reference_otus.py function, using the Greengenes database version v13_8 [35] as a reference with a minimum cluster size of 2 (i.e., each OTU must contain at least two sequences). We collapsed the technical replicates and filtered out the low abundance OTUs (< 0.01% total, filter_otus_from_ otu_table.py) and samples rarefied to an even depth of 26702 for both experiments where sequencing data is available. QIIME was used to calculate alpha and beta diversity data and produce NMDS plots.
QUANTIFICATION AND STATISTICAL ANALYSIS
MacQiime was used to calculate alpha and beta diversity data and produce NMDS plots. Data obtained with MacQiime was later combined with the gas production data and analyzed using JMP Pro 13 software (SAP) as described in the Figure legends. For the NNLS analysis, following removal of low abundance OTUs and cumulative sum scaling transformation, the resulting biom file was used to create a matrix A˛Z When modeling count data for environmental samples the fitted parameters of x will also be non-negative and the number of OTUs will usually exceed the number of samples (m > n). The task is to solve an over-determined system of linear equations where there are more equations than unknowns. It is likely that some of the linear equations will 'disagree' and there will be no exact solution. Geometrically, this may be interpreted as b not lying in the column space of A, a (hyper)plane holding the column vectors of A, or Ax À bs0. A least-squares approach may find the non-negative vector x = ðA T AÞ À1 A T b which is the projection of b back onto the column space of A that minimizes the least-squares error 'distance' kAx À b k . For our study the non-negative least-squares (NNLS) solution, x, and least-squares errors were computed via the R packages 'nnls' [36] and 'limSolve' [37] for each of the mixed samples, with the mean relative contribution of each community to the 10 mixtures shown in Figure 2C (relative to the gas production).
DATA AND SOFTWARE AVAILABILITY
The raw sequences obtained from our experiments are available online in the European Nucleotide Archive under accession numbers ENA: PRJEB21193 (Experiment 1) and ENA: PREJEB21187 (Experiment 2). We also included the R code that allows the user to calculate the contribution a single community has in a mix of communities (see Method S1). Using this code, a NNLS analysis can be conducted with the input of a pre-filtered OTU table.
